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AbstractWe examine the impact of sea surface temperature (SST) bias on interannual variability during
boreal summer over the equatorial Atlantic using two suites of partially coupled model (PCM) experiments
with and without surface heat ﬂux correction. In the experiments, surface wind stress anomalies are
speciﬁed from observations while the thermodynamic coupling between the atmospheric and oceanic
components is still active as in the fully coupled model. The results show that the PCM can capture around
50% of the observed variability associated with the Atlantic Niño from 1958 to 2013, but only when the
bias is substantially reduced using heat ﬂux correction, with no skill otherwise. We further show that ocean
dynamics explain a large part of the SST variability in the eastern equatorial Atlantic in both observations
(50–60%) and the PCM experiments (50–70%) with heat ﬂux correction, implying that the seasonal
predictability potential may be higher than currently thought.
1. Introduction
Equatorial Atlantic variability in boreal summer is dominated by the Atlantic zonal mode or Atlantic Niño,
and corresponding sea surface temperature (SST) anomalies can exceed 1∘C in the eastern equatorial Atlantic
[Xie and Carton, 2004]. Fluctuations in equatorial Atlantic SST exert a signiﬁcant impact on surrounding coun-
tries [Chang et al., 2006] and were shown to aﬀect SST variability in the southeastern tropical Atlantic [e.g.,
Hu andHuang, 2007] and El Niño–Southern Oscillation (ENSO) [e.g., Rodríguez-Fonseca et al., 2009; Ding et al.,
2012; Keenlyside et al., 2013]. Thus, it is of great socioeconomic interest to study equatorial Atlantic variability.
The importance of ocean dynamics for Atlantic Niño is still not as clear as for its counterpart in the tropical
Paciﬁc. Many studies have shown that Atlantic Niño arises from the Bjerknes positive feedback and delayed
negative feedback, suggesting that ocean dynamics have a role to play [e.g., Zebiak, 1993; KeenlysideandLatif ,
2007; Ding et al., 2010; Hu et al., 2013]. But other studies suggest that ocean dynamics may be less important
[Trzaskaet al., 2007;WangandChang, 2008]. Trzaskaet al. [2007] reported that the leadingmode in the tropical
Atlantic simulated by an atmospheric general circulationmodel coupled to a slab oceanmodel resembles the
spatial pattern of Atlantic Niño in observations, despite the lack of ocean dynamics.Wang and Chang [2008]
argue that atmospheric stochastic forcing plays a dominant role in deﬁning the spatial patterns of tropical
Atlantic variability, whereas the contribution of ocean dynamics is moderate.
Most state-of-the-art coupled general circulation models (GCMs) exhibit a large warm SST bias in the eastern
tropical Atlantic [e.g., Richter et al., 2014; Wang et al., 2014]. The SST bias is typically on the order of several
degrees Celsius so that many models simulate a reversed SST gradient along the equator. The bias has been
attributed to awesterlywindbias [e.g.,Richter etal., 2014], excessive shortwave radiation at the surface [Huang
et al., 2007; Hu et al., 2008], excessive southward migration of the Intertropical Convergence Zone [Doi et al.,
2012; Richter et al., 2014], and lack of suﬃcient vertical atmospheric model resolution [Harlaß et al., 2015].
The warm bias may deteriorate the simulation of equatorial Atlantic interannual SST variability in CGCMs [Liu
et al., 2013; Richter et al., 2014; Ding et al., 2015]. Nevertheless, several models are still able to capture some
aspects of Atlantic Niño, including the amplitude, pattern, phase locking, and duration of events [e.g., Richter
et al., 2014].
In this study, we explore the potential to capture observed equatorial Atlantic SST variability in partially cou-
pledmodel experiments in which SST is a fully prognostic variable. Our results show that the experiments can
capture about 50% of observed Atlantic Niño events only when themean state error in SST is greatly reduced
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Figure 1. Sea surface temperature (shading) and surface wind stress (vectors) annual mean bias in (a) STD and
(b) Hﬂux with respect to observations. Here observed reconstructed SST [Rayner et al., 2003] and surface wind stress
of ERA-Interim [Dee et al., 2011] are employed. The units of SST and surface wind stress are ∘C and N m−2, respectively.
using a surface heat ﬂux correction.We further show that ocean dynamics explain a large part of Atlantic Niño
in observations and the experiments in which heat ﬂux correction is employed. In section 2, the model setup
and the experiments are described. Sections 3 and 4 present the results and summary.
2. Model, Experiments, and Methodology
A fully coupled atmosphere/ocean/sea icemodel, the Kiel ClimateModel (KCM) [Park et al., 2009], is employed.
The atmosphere component uses T31 horizontal resolution (3.75∘ ×3.75∘) with 19 vertical levels up to 10 hPa;
the ocean resolution is 2∘ in latitude and longitude with an equatorial latitudinal reﬁnement to 0.5∘ within
10∘ of the equator.
Two versions of the KCMare employed: (1) a standard version (STD)which suﬀers from a large tropical Atlantic
annualmean bias (Figure 1a) similar tomost state-of-the-art CGCMs [e.g., Richter et al., 2014;Wanget al., 2014]
and (2) a heat ﬂux-corrected version (Hﬂux) in which the annual mean SST bias is greatly reduced (Figure 1b).
To derive the latter, the KCM (as in STD) is ﬁrst integrated for 470 years with ocean model temperature in the
ﬁrst level (of depth 10m) restored toobservedmonthly climatological SSTgloballywith a relaxation time scale
of 10 days. The last 70 years of themodel run, when the integration reaches a state of equilibrium in the upper
ocean, is employed to diagnose the monthly climatological heat ﬂux associated with the restoring term. In
Hﬂux, this diagnosed heat ﬂux is added back to the KCMglobally in the ﬁrst model level as an external forcing
and the integration runs for 80 years without signiﬁcant trend in global mean SST. We note that the surface
heat ﬂux correction not only reduces the SST bias (Figure 1b) but also improves the upper ocean temperature
and the surface wind stress ﬁelds (Figure 1b), which in turn enhances the thermocline tilt along the equator
(Figure S1 in the supporting information). It is important to note that in Hﬂux, the correction to the heat ﬂux
is independent of the state of the model.
Our partial coupling strategy is that the ocean/sea ice component of the KCM is driven by the time series of
observedmonthlymeanwind stress anomalies that are added globally to the respective wind stress monthly
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Figure 2. Pointwise correlation for seasonal mean (JJA) anomalies against observations in (a, b) SST from 1958 to 2013, (c, d) rainfall from 1979 to 2013, and (e, f )
sea surface height from 1993 to 2013 using PCM-STD (Figures 2a, 2c, and 2e) and PCM-Hﬂux (Figures 2b, 2d, and 2f ). In Figures 2a–2f, observations from HadISST
[Rayner et al., 2003], GPCP rainfall [Adler et al., 2003], and satellite-observed SSH (http://www.aviso.oceanobs.com/) are employed, respectively.
climatology calculated from STD and Hﬂux while still maintaining the thermodynamic coupling between the
atmosphere and ocean/sea ice components [see Ding et al., 2013, 2014]. Note that no account is taken of the
submonthly ﬂuctuations of wind stress. Here we emphasize that SST is a fully prognostic variable and is not
directly constrained by observations, which is a big advantage compared to ocean-only experiments inwhich
some form of surface restoring is retained [Zhang et al., 1993; Greatbatch et al., 1995]. It is worth noting that
the climatology of the partially coupledmodel in STD (Hﬂux) changes only a littlewith respect to fully coupled
versionof STD (Hﬂux). The reason is becauseobservedwind stress anomalies are used for thepartially coupled
experiments and not the total observed wind stress.
Partially coupled model (PCM) experiments are carried out using both the STD and Hﬂux versions in order
to explore the impact of the warm bias in the tropical Atlantic. In the experiments, wind stress anomalies
calculated from the ERA-40 reanalysis [Uppala et al., 2005] from 1958 to 2001 and the ERA-Interim reanalysis
[Dee et al., 2011] from 2002 to 2013 are used. We believe that there would be little change to our results if we
employedwind stress fromtheERA-Interim reanalysis in theperiodof 1979–2001because the twowind stress
products closely resemble each other in the tropical Atlantic during this period. An ensemble of six (seven)
PCM runs using the STD (Hﬂux) model version is driven by the corresponding wind stress product, diﬀering
only in their initial conditions. In this study, the ensemble mean of the six (seven) model runs, denoted as
PCM-STD (PCM-Hﬂux), is analyzed and shown in the ﬁgures unless stated otherwise. The small diﬀerence in
ensemble size does not aﬀect the results (see Table S1). Finally, it should be noted that in all model runs, the
concentration of greenhouse gases is ﬁxed at late twentieth century levels (348 ppm) and does not increase
with time [Park et al., 2009].
3. Results
The PCM experiments are assessed by calculating the correlation between model and observed seasonal
mean SST anomalies during boreal summer (June-July-August, JJA) when Atlantic Niño variability peaks
[XieandCarton, 2004]. It is obvious that PCM-Hﬂux (Figure 2b) performsmuchbetter thanPCM-STD (Figure 2a)
at reproducing observed SST variability in the tropical Atlantic. PCM-STD shows skill only in a very small area,
while PCM-Hﬂux clearly shows skill in a large area over the central and eastern tropical Atlantic (correla-
tion as high as 0.6). Correspondingly, PCM-Hﬂux is also superior to PCM-STD at capturing observed Atlantic
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Figure 3. (a) Seasonal mean (JJA) SST anomalies averaged over the Atl3 box (20∘W–0∘W, 3∘S–3∘N) from HadISST (black
line) [Rayner et al., 2003], the ensemble mean (red line), and individual ensemble members (blue lines) of PCM-STD and
(b) SST anomalies averaged over the Atl3 box (20∘W-0∘W, 3∘S-3∘N) from HadISST (black line) [Rayner et al., 2003], the
ensemble mean (red line), and individual ensemble members (blue lines) of PCM-Hﬂux.
Niño events, as reﬂected in the SST anomalies averaged over the Atl3 region (20∘W–0∘W, 3∘S–3∘N; Figure 3).
PCM-STD seldom captures observed Atlantic Niño events (Figure 3a). The correlation in Atl3 SST between
observations and PCM-STD is −0.05 from 1958 to 2013 and 0.1 after 1979 (the satellite era). On the contrary,
PCM-Hﬂux simulates observed Atlantic Niño remarkably well and captures almost all events (Figure 3b). The
correlation in Atl3 SST between observations and PCM-Hﬂux is 0.67 from 1958 to 2013 and up to 0.71 after
1979. It follows that a model that employs surface heat ﬂux correction is able to reproduce up to 50% of the
variance of Atlantic Niño as seen in observations using knowledge only of the observed wind stress anoma-
lies that drive the ocean, whereas the samemodel run without surface heat ﬂux correction shows no skill. It is
noticeable that each ensemble member in PCM-Hﬂux also simulates an Atl3 SST time series very close to the
observations (Figure 3b and Table S1).
Consistent with the better performance at simulating observed SST variability, PCM-Hﬂux (Figure 2d) also
performs better than PCM-STD (Figure 2c) at capturing observed rainfall (Global Precipitation Climatology
Project, GPCP) [Adler et al., 2003] variability duringboreal summer from1979 to 2013. The areawith correlation
equal to or larger than 0.4 in rainfall is much larger in PCM-Hﬂux than in PCM-STD.
The PCM experiments are also compared against observations in subsurface temperature variations
(Figures 2e and 2f). Here sea surface height (SSH) variations are employed as a proxy for subsurface temper-
ature variations since in the equatorial oceans, SSH is closely related to the depth of the 20∘C isotherm (Z20)
[e.g., Cane, 1984]. Obviously, PCM-STD and PCM-Hﬂux show similar performance when simulating observed
SSH variations in the tropical Atlantic. This is interesting and means that the anomalous upper ocean circu-
lation in the two model versions, driven by the same imposed wind stress anomalies, is similar despite the
presence of the warm bias in PCM-STD.
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Figure 4. The regression (shading) of seasonal mean (JJA) SST anomalies onto local seasonal mean (JJA) sea surface
height (SSH) anomalies calculated from (a) observations, (b) PCM-STD, and (c) PCM-Hﬂux. The contours are the explained
variances, and their interval is 0.1. In Figure 4a, observed reconstructed SST [Rayner et al., 2003] is employed and SSH
from satellite (http://www.aviso.oceanobs.com/) is used. The unit of the regression coeﬃcients is C/(10 cm).
We now turn our attention to the impact of subsurface temperature anomalies on local SST variations. This
is estimated by calculating the regression of SST anomalies onto local SSH anomalies during boreal summer
(Figure 4). SSH is again used as a proxy for subsurface temperature variations. Regression values calculated
from observations show a link between subsurface and surface temperature variations (Figure 4), consistent
with previous studies [e.g., Keenlyside and Latif , 2007]. A 10 cm rise in SSH corresponds to a warming of 2.0∘C
in SST with an explained variance of about 50%–60% in observations (Figure 4a). In contrast to the observa-
tions, subsurface and surface temperature variations in PCM-STD are coupled in the western tropical Atlantic
but not in the east (Figure 4b). This seems to be associated with the climatological mean surface winds being
biased westerly in the east (not shown), implying Ekman downwelling along the equator, meaning that sub-
surface temperature anomalies cannot easily impact SST variability in the east [Ding et al., 2015]. Diﬀerent
from PCM-STD, PCM-Hﬂux (Figure 4c) captures the observed relation between subsurface temperature and
SST variability in the eastern equatorial Atlantic in both amplitude and explained variance. In PCM-Hﬂux
(Figure 4c), a 10 cm increase in SSH corresponds to a warming of SST of about 2∘C, and explained variances
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are in the range of 50–70%, roughly consistent with those seen in observations (Figure 4a). The success for
capturing the link is probably because of the reduced westerly wind bias (Figure 1b) and the improved upper
ocean temperature structure (Figure S1) in Hﬂux compared to STD (Figures 1a and S1). It is obvious that
PCM-Hﬂux (Figure 4c) still exhibits an unrealistic link between SST and SSH in the western equatorial Atlantic
similar to but weaker than in PCM-STD (Figure 4b). This is probably because it is not possible to cure model
bias in all aspects through only reducing the warm bias at the sea surface using surface heat ﬂux correction.
In the present paper, we have focused on the role of subsurface temperature variations, an important ele-
ment of the Bjerknes feedback [e.g., Keenlyside and Latif , 2007]. Nevertheless, some other dynamics may also
contribute to equatorial Atlantic interannual variability, for instance, the advective-reﬂective oscillator [Wang,
2001] and links between the equatorial and subtropical Atlantic [Richter et al., 2012]. To derive a complete
picture of the contribution of ocean dynamics requires a full heat budget analysis, which should be investi-
gated in future studies.
4. Summary and Conclusions
We have shown that the tropical Atlantic warm SST bias in coupled climate models severely inhibits the
ability of thesemodels to correctly reproduce both the observed SST variability in the equatorial Atlantic and
the dynamics governing that variability. Using partially coupledmodel (PCM) experiments inwhich the ocean
component of the coupled model is driven by observed wind stress anomalies, we are able to reproduce up
to 50% of the variance of the observed SST variability but only in the model version in which the SST bias has
been substantially reduced using surface heat ﬂux correction (PCM-Hﬂux). The standard model version with-
out heat ﬂux correction (PCM-STD) exhibits essentially no skill. Furthermore, it is only in PCM-Hﬂux that the
observed relationship between SST and subsurface temperature variations is reproduced. The observed rela-
tionship indicates an important role for ocean dynamics for determining the SST variability in the equatorial
Atlantic, a mechanism that operates in PCM-Hﬂux but not in PCM-STD with the implication that thermody-
namic forcing plays amuchmore important role in the latter. These results are important because virtually all
climate models suﬀer from a tropical Atlantic SST bias similar to that in the model used here. Thus, the role of
thermodynamic processes may be overestimated when such biased models are used in assessing the origin
of equatorial Atlantic SST variability and its predictability.
Nevertheless, the heat ﬂux-corrected version of the KCM (PCM-Hﬂux) is still deﬁcient in many aspects. This is
not surprising given that it is not possible to correct errors in all aspects by only reducing temperature bias
at the sea surface alone. In addition, the KCM is a low-resolution model and cannot resolve, for example, the
equatorial deep jets which have been shown to be important for variability in the equatorial Atlantic [Brandt
et al., 2011]. Large reduction in tropical Atlantic SST bias and considerable improvements in the subsurface
thermal structure in the eastern tropical Atlanticwere reportedbyHarlaßetal. [2015] conducting experiments
with KCM versions employing higher horizontal and vertical resolution only in its atmospheric component.
We argue that PCM experiments might perform even better than reported here using an improved coupled
climate model with enhanced physics and reduced bias.
We noted that a substantial part of SST variability in the eastern equatorial Atlantic is explained by subsur-
face temperature variability in both observations (50–60%) and PCM-Hﬂux (50–70%), implying that there is
a potential predictability for SST in the equatorial Atlantic with consequences for the surrounding continents.
Nevertheless, the contribution of subsurface temperature variations to SST variability is generally lower for
the Atlantic Niño than for ENSO [Keenlyside and Latif , 2007, Figure 2c], implying that potential predictability
is lower in the Atlantic than in the Paciﬁc. In the eastern equatorial Paciﬁc (not shown), SSH explains 70–80%
of the variance of local SST variations in observations and PCM-Hﬂux as well as in PCM-STD. The standard ver-
sion of the KCM simulates the mean state in the Paciﬁc well so that heat ﬂux correction plays only little role.
Correspondingly, both PCM-STD and PCM-Hﬂux capture around 80% of the variance of the observed Nino3
time series (not shown). However, it seems clear that a prerequisite for predictability in the Atlantic sector is
the alleviation of the tropical Atlantic warm bias in models.
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